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Background
The field of genomics is slowly reaching maturity. The genomes of many organisms have now been sequenced and the effort to annotate these genomes is now well underway. Transcriptomes are routinely investigated, as mRNA expression can be measured with highly sensitive microarrays and other methods. In contrast, the measurement and annotation of proteomes remains challenging. Proteome analysis is primarily based on mass spectrometry (MS) and is not as mature as gene expression analysis. However, proteomic measurements are preferable in some situations because, while mRNA expression studies indicate the potential for protein expression, they do not directly measure proteome character-istics. For example, mRNA expression levels do not always correlate well with protein expression levels due to variations in translation efficiencies [1] and targeted degradation of proteins in the cell [2, 3] . Additionally, proteins are subjected to numerous post-transcriptional modifications that alter the chemical composition of the protein. Proteins also interact with other proteins in a highly dynamic way.
Proteomics by MS has emerged as an effective tool for probing those properties of expressed genes that are not directly apparent from the mRNA sequence or transcript abundance, including the subcellular location of a protein of interest [4] [5] [6] , the identification of post-translational modifications [7, 8] , the characterization of interacting proteins or ligands [9] , and the measurement of changes in these protein properties throughout the cell cycle or in response to a given stimuli or stress [10] [11] [12] . Coupled with various types of isotopic labeling reagents, MS can also be used to directly determine relative and absolute protein abundances [13] . Abundance measurements in proteomics are difficult, however, compared to mRNA studies as there are no amplification strategies such as PCR to increase the concentration of low abundance analytes.
In the present study, we attempt to characterize the Saccharomyces cerevisiae proteome using MS based proteomics. S. cerevisiae is a widely used and important model organism with a relatively large, but structurally simple, genome for which a high quality and well annotated sequence is available. It exhibits many of the same pathways and cellular functions as higher Eukaryotes. The largest published S. cerevisiae protein expression study used epitope tagging to detect 73% of the annotated Saccharomyces Genome Database (SGD) open reading frames (ORFs), which is 83% of SGD ORFs with Gene names [14, 15] . Another recent study identified 72% of the predicted yeast proteome [16] . In this paper we combine the data from 47 different MS experiments that collectively generated 4.9 million spectra, into a single structure, the Saccharomyces cerevisiae PeptideAtlas.
The PeptideAtlas Project provides software tools and an infrastructure for the integration, visualization and analysis of multiple MS datasets [17] [18] [19] . This resource can be used to design future, more efficient experiments, to assist in the exploration of the proteome, and to support the development of proteomics software by making the data publicly accessible. We additionally demonstrate how this resource can be used in the construction of high quality lists of observable peptides for synthesis as reference molecules for targeted proteomics. This novel resource improves as more researchers contribute datasets.
Results and discussion

PeptideAtlas construction
The S. cerevisiae PeptideAtlas is composed of 47 datasets (Table 1 ) from many different sources that were generated by using a variety of protocols and separation techniques. All samples in this atlas were proteolytically digested with trypsin, and many were treated with one of the isotope-coded affinity tagging (ICAT) reagents [10] or iodoacetamide. All samples were acquired using LC-ESI instruments (liquid chromatography separation, and electrospray ionization coupled with MS) -no matrix-assisted laser desorption ionization time-of-flight (MALDI-TOF) instrument datasets were available for inclusion. The PeptideAtlas can, however, accept and be expanded with data from any type of instrument using the mzXML data format (see below). A variety of protein or peptide separation techniques were employed in these exper-iments, including SDS-PAGE, free-flow electrophoresis and strong cation exchange chromatography, to generate fractions that were then subjected to reversed-phase HPLC separation prior to mass spectrometric analysis.
Processing of the acquired spectra and construction of a Pep-tideAtlas are briefly summarized in Figure 1 and described in more detail in previous publications [17] [18] [19] . For each submitted yeast dataset, all spectra were first converted to the mzXML format [20] irrespective of the original file format and then searched using SEQUEST [21] against a non-redundant S. cerevisiae reference protein database (the union of the SGD, Ensembl, NCI, and GenBank databases as detailed in Additional data file 1, plus keratin and trypsin). Redundant ORF sequences were coalesced to single entries with combined description fields. The union of the five protein sequence files yielded 13,748 distinct ORF sequences. Many ORF sequences differed by only a few amino acid residues, but all differences were retained in order to maximize the number of sequence assignments.
For each experiment the primary database search results were assigned statistical probabilities using the Peptide-Prophet program [22] implemented in the Trans-Proteomic-Pipeline [23] . Table 2 lists the number of spectra per experiment in total and with a PeptideProphet assignment P ≥ 0.9, and the number of distinct peptide identifications cumulatively added by each experiment. The experiments are sorted approximately in the order submitted; the latter experiments will naturally make a smaller contribution to the total list of distinct peptides as many of the peptides identified in the latter experiments were also identified in earlier experiments.
Search results and spectra were stored in the Systems Biology Experiment Analysis Management System (SBEAMS), and all files were retained in an archive area.
To create the S. cerevisiae PeptideAtlas, all peptide information in contributed datasets was filtered to retain only those identifications with a PeptideProphet probability above 0.9. The remaining peptide sequences were then aligned with the SGD reference protein database using the NCBI program BLASTP [24] with arguments to achieve the highest scores for identities of 100% without gaps. Chromosomal coordinates were then calculated using the BLAST-provided coding sequence (CDS) coordinates of the peptide combined with the chromosomal coordinates of the protein features (where features are the contents of the SGD_features table that contain elements present in the GFF3 guidelines [25] ). Peptide information along with the chromosomal coordinates were loaded into the PeptideAtlas database.
Summary statistics of the current yeast PeptideAtlas build are presented in Table 3 . The build was constructed with a lower limit threshold of peptide assignments with P ≥ 0.9, but the build may be searched with higher thresholds and those sum- mary statistics are also reported in Table 3 . The number of distinct peptide sequences identified in these spectra (with P > 0.9) is 36,133. The number of SGD proteins with which these peptides display perfect alignment is 4,063, which is 61% of all ORFs in the SGD protein database. If we apply a stricter criteria of removing identifications in which a peptide PeptideAtlas processing, creation, and interfaces Figure 1 PeptideAtlas processing, creation, and interfaces. The first column outlines experiment level processing with SEQUEST [21] and PeptideProphet [22] , the second column shows major stages in the construction of a PeptideAtlas [18] using BLAST [24] to obtain coding sequence (CDS) coordinates, and the third column shows the data, business logic, and presentation tiers for a PeptideAtlas. Column 1 is the experiment name, column 2 is the number of spectra associated with PeptideProphet probabilities >0, column 3 is the number of spectra associated with PeptideProphet probabilities >0.9, and column 4 is the cumulative number of distinct peptides with PeptideProphet probabilities >0.9.
was only observed once in the entire S. cerevisiae PeptideAtlas, we then find that 43% of all SGD ORFs have been seen (with P > 0.9). If we also apply another criterion, that we count only the peptide to protein mappings that are not degenerate and that have P ≥ 0.9, we observe 59% of SGD ORFs. The same criteria applied to peptides that have been seen more than once results in an observation of 41% of SGD ORFs. The number of peptides with perfect alignment to protein sequences in files other than SGD is 110 (Additional data file 1). Some of these identifications correspond to records that NCBI has discontinued or are identifications to appended contaminant sequences such as keratin or trypsin identified in the search, but are not present in the target genome (S. cerevisiae in this case).
Expected errors are calculated with equation 14 of the Pepti-deProphet paper using the summation of (1 -P i ) divided by N i . This is applied to four cases, summarized as rows in Table 4 , and three PeptideProphet probability limits, shown as columns in Table 4 . The cases are: one, the assigned probability P of each MS/MS is used for all P i ≥ P limit ; two, the assigned probability P of each MS/MS is used for all P i ≥ P limit where the associated peptide has been seen in the S. cerevisiae Peptide-Atlas more than once; three, the best probability for each unique peptide sequence is used for all P ≥ P limit ; and four, the best probability for each unique peptide sequence is used for all P ≥ P limit when the peptide has been seen in the S. cerevisiae PeptideAtlas more than once. Note that cases three and four make an assumption that the peptide identifications can be represented by the best identification probability for that peptide. There are many methods to score groups of peptides, and we adopt the simplest in this paper for cases three and four as they represent the data as we have used it. For more detailed discussions on group scoring, please see [26, 27] . Table 4 shows that the expected error rate for the S. cerevisiae PeptideAtlas as a whole is 9%. As an aside, one can construct subsets of the build with smaller error rates by using a higher PeptideProphet probability threshold (see changes along a row in Table 4 ) or by reducing the number of peptides one is counting (see changes along a column in Table 4 ) by only using those peptides that have been observed more than once, and further removing information from multiple instances of those peptides.
In summary, the S. cerevisiae PeptideAtlas expected error rate is 9%, but the user is able to construct subset exports of the build with reduced error rates if desired.
To what extent do the peptides in the S. cerevisiae PeptideAtlas represent the S. cerevisiae proteome?
The coverage of the S. cerevisiae proteome by the PeptideAtlas is high, but not complete. Using only peptide identifications possessing a PeptideProphet score of P > 0.9, we have mapped to 61% of all SGD ORFs with at least one peptide hit.
In Table 5 Table 3 Statistics for the current S. cerevisiae PeptideAtlas P limit = 0.9, N obs > 0 P limit = 0.95, N obs > 0 P limit = 0.99, N obs > 0 P limit = 0.9, N obs > 1 P limit = 0.95, N obs > 1 P limit = 0.99, N obs > 1 The percentage of SGD ORFs seen in PeptideAtlas is shown as a function of lower limit PeptideProphet probabilities and number of times peptide has been observed above lower limit. Using the most generous parameters of the build, we see 62% of the SGD ORFs. As an aside, 68% of SGD ORFs have Systematic gene names and we observe 76% of those. This is comparable to the 83% of ORFs with Systematic gene names that Ghaemmaghami et al. [14] observed in their protein expression study.
function because mutations prevent its transcription or translation. The pseudogene classification is based upon observations of ORFs from the S288C strain. Of the ORFs annotated as transposable elements, 20% are present in the PeptideAtlas (Additional data file 4). Note that the coverage of the ORFs in these categories decreases if we remove those peptides that have only been observed once in the entire atlas. With the single hit peptides removed, we see 56% of SGD verified ORFs in PeptideAtlas, 29% of the uncharacterized ORFs, none of the ORFs from verified/silenced_genes, 2% of the dubious ORFs, 5% of ORFs from pseudogenes, and 15% of ORFs from genes categorized as transposable element genes. The assignments to dubious ORFs should be viewed skeptically as the numbers of observations are extremely small and within error of the atlas.
A histogram of ORF sequence coverage is shown in Figure 2 ; the PeptideAtlas distribution is represented by the shaded distribution on the left, while an in silico digested SGD reference ORF distribution filtered to retain peptides with average molecular weights between 500 and 4,000 Da is seen on the right. About 40% of the ORFs in PeptideAtlas have sequence coverage greater than 20%. Importantly, the entire yeast proteome is not expected to be observable by current tandem MS techniques. This is not an impediment to protein identification, as the entire set of measurable peptides for a given pro-tein is not necessary for an unambiguous identification of the protein. Some of the reasons that perfect sequence coverage is not possible are inherent in the instruments (discussed further in the next section) and in the search techniques. For example, we may miss identifications of sequences from posttranslationally modified proteins in the search strategy applied.
Biases in the S. cerevisiae PeptideAtlas
Since all the data in the PeptideAtlas were acquired using LC-ESI-MS/MS, we examined peptide hydrophobicity, mass and charge distributions to characterize any inherent biases in the peptide dataset.
Using the Guo [28] and Krokhin et al. parameters [29] we created hydrophobicity histograms for the S. cerevisiae Pep-tideAtlas peptides (darker hatched bars), overlaid on an in silico digest of the entire SGD database (lighter hatched bars) allowing one missed tryptic cleavage (Figure 3 ). While peptides of moderate hydrophobicity were efficiently observed, the S. cerevisiae PeptideAtlas is clearly lacking in the most hydrophilic peptides -presumably because these peptides do not efficiently bind to standard HPLC columns and proceed to waste instead of entering the mass spectrometer. Other types of upstream separation techniques or modification of HPLC solvent conditions will most likely be required to improve the Table 4 Expected errors
Case
Expected errors P limit = 0.9 Expected errors P limit = 0.95 Expected errors P limit = 0.99 MS/MS P i ≥ P limit 0.00915 (9%) 0.00517 (5%) 0.00137 (1%) MS/MS P i ≥ P limit , N peptide observed > 1 0.00884 (9%) 0.00506 (5%) 0.00136 (1%)
Consensus peptide best P i , P i ≥ P limit 0.01027 (10%) 0.00510 (5%) 0.00120 (1%)
Consensus peptide best P i , P i ≥ P limit , N peptide observed >1 0.00272 (3%) 0.00215 (2%) 0.00078 (1%)
Expected errors in the Saccharomyces PeptideAtlas are calculated for four cases and lower probability limits (P limit = 0.9, 0.95, 0.99): the assigned probability P of each MS/MS is used for all P i ≥ P limit ; the assigned probability P of each MS/MS is used for all P i ≥ P limit where the associated peptide has been seen in the S. cerevisiae PeptideAtlas more than once'; the best probability for each unique peptide sequence is used for all P i ≥ P limit ; the best probability for each unique peptide sequence is used for all P i ≥ P limit when the peptide has been seen in the S. cerevisiae PeptideAtlas more than once. A bias is also present in the distribution of peptide masses. Figure 4 shows histograms of S. cerevisiae PeptideAtlas average molecular weights (solid bars) overlaid on an in silico digest of the entire SGD database (hatched bars). The acquisition settings for MS/MS instruments are typically in the range of 400 to 2,000 m/z which, accounting for charge states, limits the peptide mass detection range to 400 to 6,000 Da. The database searches, however, have a range of roughly 600 to 4,200 Da. The in silico digest reference distribution suggests that there would be a peak at a mass of approximately 700 amu, but the observed peak is near 1,500 amu. In the PeptideAtlas, we appear to be missing many of the peptides with masses less than 1,400 Da, largely because these smaller peptides are more difficult to identify using standard database search tools. Importantly, however, smaller peptides are often not as useful in protein identification as the longer peptides, since the short amino acid sequences are less likely to be unique to a single protein. Additionally, larger peptides tend to have more than one chance of being observed, as charge states of +2 or +3 can put the peptides within range of the acquisition settings of the instrument. Figure 4 shows that there are a larger number of peptides in charge states of +2 and +3, with only a small percentage of peptide identifications derived from a +1 charge state. This is expected given that the datasets in this version of the PeptideAtlas are from ESI instruments. We do not currently search the spectra for ions with charge states larger than +3 and it could be expected that many of the missed larger peptides might generate higher charge state ions. The addition of MALDI-TOF datasets to the atlas will populate the database with identifications from ions in the +1 charge state.
Histrograms of protein sequence coverage
Krogan et al. [16] find high protein discovery rates using MALDI, so this approach is promising.
In summary, a sizable fraction of the yeast proteome has been identified using LC-ESI MS/MS. The smallest peptides are not well represented in the PeptideAtlas. Additionally, the most hydrophilic peptides and hydrophobic peptides are 
The relationship between number of spectra and number of identified peptides
As the PeptideAtlas is continually populated with new datasets, we expect that, at some stage, the addition of new spectra will produce few new peptide identifications. We are thus tracking the number of unique peptides contributed by each additional experiment. From a total of 4.9 million MS/MS spectra, we have 36,133 distinct peptides with PeptideProphet scores >0.9 ( Table 3) . As an aside, the number of distinct peptides from an in silico tryptic digestion of the SGD protein database, allowing one missed cleavage, and counting those peptides whose masses are in the range 500 to 4,000 Da, is 436,445, so we currently observe roughly 10% of what we might expect if all peptides had equal possibility of being observed. The current rate of inclusion of unique peptide identifications with P > 0.9 is shown in Figure   Mass 5. In general, there is one peptide added for every 125 spectra. Flattened areas of the curve are due to overlapping identification of peptides from similar experiments (and instrument), rather than the expected final trend of saturation of the proteome sequences. Remarkable increases in distinct peptide yields are seen from the Gygi et al. [10] yeast dataset and the Ho et al. [30] gel_msms dataset. In summary, we have identified roughly ten percent of the peptides predicted from an in silico digested protein database, and have not yet reached saturation of novel additions. Novel additions are expected with the inclusion of results from new experiment designs and instrument platforms.
What new information does the PeptideAtlas contribute about the S. cerevisiae proteome and genome?
Having characterized some observational biases in peptide content of the PeptideAtlas, we now briefly examine characteristics of the identifications in relation to predictions based on codon bias and gene ontology categories. Figure 6 illustrates the codon enrichment correlation (CEC) for all ORFs in the S. cerevisiae PeptideAtlas and all ORFs in Ghaemmaghami et al. [14] . CEC is a parameter constructed by Ghaemmaghami et al. [14] to represent a measurement of the deviation of observed protein codon-usage from codon-usage in a randomly generated ORF. These distributions are both skewed toward high positive values, typically greater than 0.25, signifying that their sequences deviate significantly from that of ORFs derived from random codons; these are thus likely to be true ORFs and not spurious predictions. Figure 6b is a histogram of CEC for ORFs not observed in the Ghaemmaghami et al. expression sets, and for all ORFs not present in PeptideAtlas. Their distributions are evenly distributed around the origin, suggesting that both datasets are missing bona fide ORFs as well as ORFs that are not likely to code for proteins.
The proteins identified in the yeast PeptideAtlas are generally evenly distributed with respect to Gene Ontology (GO) molecular function categories (Figure 7) . Interestingly, we observe 52% of yeast ORFs annotated as 'molecular function unknown'. If we filter out peptides that have been observed only once in the PeptideAtlas, the percent of 'molecular function unknown' genes we see is 32% (approximately 659 genes). The same trend is seen in the GO 'cellular components' and the GO 'biological processes' categories. Figures 8  and 9 show that a significant fraction of ORFs in PeptideAtlas are present in the catgories 'cellular component unknown' and 'biological process unknown'.
The S. cerevisiae PeptideAtlas, by verifying that these unannotated ORFs produce identifiable proteins, could stimulate interest in determining their function.
PeptideAtlas user interface
Summary statistics and query interfaces for the PeptideAtlas are available at [31] . Perl cgi-bin programs and Java servlets and JSP pages enable public queries of the database and public archive area flat files. From the PeptideAtlas front page [31] , atlas data may be accessed by links on the navigation bar. The 'Data Repository' link leads to a form where the user can retrieve all publicly available datasets and search results. The 'Search Database' link leads to several pages where the user can either search the atlas for keywords, find the information summary for a given peptide in the atlas, or produce a tailored list of peptides from the atlas by specifying a variety of constraints.
The S. cerevisiae PeptideAtlas user interface thus allows for an extremely large number of diverse tandem MS datasets to be searched, processed, and combined in a user-specifiable fashion.
Uses of the S. cerevisiae PeptideAtlas
The S. cerevisiae PeptideAtlas represents an extremely useful data mining tool. Here, we present two examples of how the database may be used. The first example demonstrates the creation of a list for construction of synthetic peptides, and the second example demonstrates validation of predicted SGD introns.
Using quantitative MS techniques, synthetic peptides may be utilized to determine subunit stoichiometry within a given Cumulative number of MS/MS spectra versus the number of unique peptide identifications with P > 0.9
Figure 5
Cumulative number of MS/MS spectra versus the number of unique peptide identifications with P > 0.9. The slope is nearly horizontal in regions of the curve where similar experiments were performed. The curve is expected to show saturation when additional spectra provide no new peptides above P > 0.9. The number of distinct peptides from an in silico trypic digestion of the SGD protein database, allowing one missed cleavage, and counting those peptides whose masses are in the range 500 to 4,000 Da, is 436,445. multi-protein complex [32] or to determine the absolute quantity of a protein in a sample [33, 34] . To design such peptides, one could use the S. cerevisiae PeptideAtlas to: identify those peptides of member proteins that have been observed most often in the mass spectrometer; identify those that are specific for a single protein; and determine which of these peptides contain amino acids necessary for a given type of labeling reagent and suitable for peptide synthesis. For example, if the stoichiometry of the general transcription factor TFIIF complex was to be determined, the user would go to the PeptideAtlas URL [31] , enter %tfIIf% into the search box and select 'GO'. The results are links to PeptideAtlas pages corresponding to the three SGD ORFs that are part of the TFIIF transcription factor complex in this organism [35, 36] . One may either follow the links to the individual pages for the three ORFs, or open a new 'Browse Peptides' page using the tab located near the top of the page to query the atlas in more detail. In the new 'Browse Peptides' page, the user can enter the three SGD ORFs into the 'Protein Name Constraint' text box (separated by semi-colons: YPL129W; YGR186W; YGR005C). Further useful constraints to enter are '>0.9' for 'Best Probability Constraint', '>1' for 'Number of Observations Constraint', and ' = 1' for 'Number of Proteins Mapped Constraint'. Following selection of 'Query' near the bottom of the page, results are returned below the form. To tailor the list to ICAT experiments, one could also enter %C% in the 'Peptide Sequence Constraint' text box above and select 'Query' again. The returned list consists of five cysteine-containing peptides whose sequences have been observed more than once with high confidence, and which are present in only one The number of genes identified in GO Molecular Function terms (more specifically, the first level children of molecular function)
Comparison of codon enrichment correlation (CEC) distributions
Figure 7
The number of genes identified in GO Molecular Function terms (more specifically, the first level children of molecular function). The bars are annotated with the number of SGD genes annotated in that term and the number of SGD genes seen in PeptideAtlas for that term. Many annotated as unknown are present in the PeptideAtlas. protein. The resulting list may be exported to the user's desktop in Excel, xml, tsv, or csv file formats.
As an example of a bioinformatics use of the S. cerevisiae PeptideAtlas, one could search for all experimentally observed splice forms predicted in the SGD database that are present in the S. cerevisiae PeptideAtlas. In this case, the user would select 'Search Database' from the navigation bar on the left, select the latest Saccharomyces atlas from the 'Atlas Build' list, then in the text box 'Does Mapping Span Exons Constraint' (which is to indicate that the peptide sequence is aligned to the exons on both sides of an intron) enter 'y', and select 'QUERY'. Rows of data are returned for the latest yeast build. That list can be saved and compared against a list of SGD introns to find that the atlas contains 13% of the 367 SGD yeast ORF introns. Two of these intron validations are for uncharacterized (experimentally unobserved) ORFs, YPR063C and YBL059C-A. To visualize the resulting information in the Ensembl Genome browser, the user may click on the coordinates in the results table (instructions on enabling the visualization are present on the navigation bar of the PeptideAtlas web pages).
Reverse look-ups of PeptideAtlas peptides are also possible from the Ensembl Genome browser website. For example, while browsing the genome view centered around the uncharacterized ORF YNL010W at [37] one can select the S. cerevisiae PeptideAtlas as a distributed annotation system (DAS) source, resulting in a large number of PeptideAtlas entries confirming portions of this predicted ORF sequence. Selecting any of these links can bring the user back to the Peptide-Atlas summary pages for more detail.
Conclusion
We have demonstrated that MS/MS spectra from a large number of diverse sources can be uniformly processed and combined to create a large dataset useful for exploring and validating the yeast proteome. The public interfaces allow creation of high quality peptide lists that can be used to synthesize reference molecules for targeted proteomics. The datasets are also useful to examine MS based proteomics in general, can be used for software development, and can be used by other researchers to validate hypothetical proteins for examples. The S. cerevisiae PeptideAtlas possesses the highest degree of proteome coverage for any eukaryotic organism to date in a single public database offering entire datasets as validation, and, as such, is a growing resource that will continue to improve as more researchers contribute data.
The number of genes identified in GO Cellular Component terms (more specifically, the first level children)
Figure 8
The number of genes identified in GO Cellular Component terms (more specifically, the first level children). The bars are annotated with the number of SGD genes and the number of SGD genes in PeptideAtlas for that term. Many annotated as unknown are present in the PeptideAtlas. The number of genes identified in GO Biological Process terms (more specifically, the first level children)
Figure 9
The number of genes identified in GO Biological Process terms (more specifically, the first level children). The bars are annotated with the number of SGD genes and the number of SGD genes in PeptideAtlas for that term. 
